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We introduce a new readability tutoring system, Read &
Improve, a freely available online resource aimed at sup-
porting learners of English and English Language Teaching
(ELT) professionals by improving English learners’ reading
proficiency. Using a combination of machine learning ap-
proaches and natural language processing techniques, Read
& Improve detects learning needs of every student and makes
sure no learner is left behind by identifying reading content
at an appropriate level of readability and helping learners
acquire new words through accessible dictionary definitions
and content exploration functionality.1
1. INTRODUCTION
Reading is one of the fundamental language skills. Develop-
ing this skill is an essential part of language acquisition, both
for native speakers and second language learners [9, 13]. At
the same time, developing reading ability takes a consider-
able amount of time, and, as any learning process, it gets
interrupted if readers lose motivation [8, 15]. Such factors as
not having a range of engaging reading content offered and
being presented with reading material at the wrong level of
readability are some of the major contributors to the de-
creased motivation in readers [11]. In addition to language
learners themselves, English Language Teaching (ELT) pro-
fessionals face similar problems, as finding engaging reading
content at the right level of readability is a challenging and
a time-consuming task. In this paper, we present Read and
Improve (R&I ), a freely available, open-access educational
system that is aimed at both language learners and teach-
ers.2
1This work has been done while the second author was a
Senior Research Associate at the University of Cambridge.
We thank Cambridge English for supporting this research
via the ALTA Institute. We are also grateful to the anony-
mous reviewers for their valuable feedback.
2https://readandimprove.englishlanguageitutoring.
com/
To ensure that the reading content provided to a learner is at
an appropriate level of readability, R&I uses machine learn-
ing methods described in [18] to automatically label texts
with readability levels corresponding to the Common Eu-
ropean Framework of Reference for Languages (CEFR) [6].
The CEFR is an international standard that describes lan-
guage ability on a six-point scale from A1 for beginners level
up to C2 for advanced level of language proficiency.
To ensure that the reading content presented to a learner is
engaging, R&I employs news articles that are sourced from
news websites in real time. To source news content, R&I
monitors both RSS Feeds from news websites and the pub-
licly available Common Crawl News (CC-NEWS) Dataset.3 A
fully automated Indexing Pipeline (RIIP, herein) processes
article URLs from the RSS Feeds and CC-NEWS files and auto-
matically labels the readability of each article’s text. News
articles are generally available for learners on R&I within
10 minutes of publishing on an RSS news feed and in 3-6
hours of the article’s publishing time if sourced from CC-
NEWS. As compared to other domains, news articles have the
additional benefit of being generally free of grammatical and
spelling errors, which allows us to achieve more reliable lin-
guistic analysis and to provide learners with high quality
reading content. R&I ’s user interface (UI) enables learners
to not only read the latest news articles but also to per-
form keyword search to find articles on topics that they are
interested in at their desired CEFR level(s).
A number of applications for various groups of readers, in-
cluding native and non-native speakers, readers with cogni-
tive impairments, and children, to name just a few, have
been developed in recent years. In contrast to the pre-
vious work [13, 16, 17], our platform is aimed specifically
at developing reading ability in non-native speakers of En-
glish. Our approach bears similarities to the Read-X [14] and
REAP [10] systems, while also being actively developed and
supported as an open-access educational platform available
online. R&I is markedly different from other available appli-
cations, as in addition to providing text search functionality
(as in [5]) and vocabulary acquisition help (as in [4]), it sup-
ports comprehension testing and personalisation.
The rest of this paper is structured as follows: Section 2
provides an overview of the system’s architecture, Section 3
describes the current UI functionality, and finally Section 4
3http://commoncrawl.org/2016/10/
news-dataset-available/
concludes the paper and describes future work.
2. SYSTEM ARCHITECTURE
Figure 1 illustrates the system architecture of R&I. We do
not describe the full details of system components or cloud
resources and configuration here, as this is outside the scope
of the paper. Instead, we provide a general overview of the
components and their use of natural language processing
(NLP).
2.1 API
The API connects to an information retrieval index (‘IR En-
gine’), a database (‘DB Engine’), and several APIs to pro-
vide the data and search functionality required by the UI.
The IR Engine employs Elasticsearch4 (ES) and includes
several distinct indices that facilitate search over news arti-
cles and other data.
2.2 RIIP
RIIP is responsible for processing articles into the ES article
index. In order to prevent duplicate processing, the pipeline
modules first check whether the output file(s) already exist
in the ‘Data Lake’, a single store of all data processed. The
API monitors the set of URLs listed in RSS feed(s) and the
set of CC-NEWS files for new items, and if found, these are
sent to RIIP for processing. Therefore, ingestion of new
articles through the system requires no manual effort, and
up-to-date news content is continuously processed and made
available to learners via the UI.
RIIP modules include: the Extractor, that extracts text and
other information from news articles (i.e. HTML); RASP,
that parses the text to provide linguistic information [2];5
the LevelMarker module, that labels the text for readability
(on the CEFR scale); and finally the ES module that indexes
text and other linguistic information.
2.3 LevelMarker Module
For RIIP’s LevelMarker module we follow Briscoe et al. [3],
and define the task of learning readability levels as a discrim-
inative preference ranking task. We employ their machine
learning (ML) software and use linguistic features outlined
by Xia et al. [18] that represent a text’s readability.
2.3.1 Data
We have crawled three publicly available news websites to
create datasets: Breaking News English (BNE)6 (2771 ar-
ticles), News in Levels (NIL)7 (6373 articles) and Tween
Tribune (TT)8 (7768 articles). These websites have news
articles labelled in terms of their readability however each
website’s readability levels are based on different scales as
shown in Table 1.9 Each of these datasets are considered to
be parallel as they contain multiple versions of the same ar-






9BNE to CEFR level map provided by the website: https:
//breakingnewsenglish.com/news_levels.html
Table 1: Dataset levels and distributions.
(a) BNE (b) NIL












(c) CER (d) TT







Grade K-4 (0) 1965
Grade 5-6 (1) 2029
Grade 7-8 (2) 1771
Grade 9-12 (3) 2003
Table 2: 5-fold cross-validation tests for each dataset.
Source Pearson’s Spearman’s Kendall’s
BNE 0.8338 0.8368 0.6873
NIL 0.9217 0.9164 0.7880
TT 0.9055 0.9250 0.8071
CER 0.9155 0.9185 0.8015
NIL datasets are designed for L2 English learners, the TT is
designed to help L1 learners (early and school-aged readers).
2.3.2 Evaluation
RIIP employs a model trained on the full BNE dataset as
this dataset can be reliably mapped to the CEFR scale (Ta-
ble 1). Based on this mapping we determined the ranges of
ML scores that corresponded to each CEFR level (using ob-
served score range from training data). We tested our model
on the Cambridge English Readability (CER) dataset,10 a
publicly available dataset of 331 texts spanning CEFR lev-
els A2 to C2 [18]. On this test set, our model achieves
0.83 Pearson’s, 0.85 Spearman’s and 0.71 Kendal’s correla-
tion coefficient. We also ran 5-fold cross-validation for each
dataset11 and present the results in Table 2.
2.4 ES index
In addition to article index, we create ‘WordInfo’ and ‘CALD’
indexes. The CALD indexing system processes definitions
from the Cambridge Advanced Learner’s Dictionary (CALD)
to populate the CALD index. The LexDoop system employs
Hadoop12 to process the Data Lake files (currently around
1 million articles) to produce raw frequency counts of lin-
guistic properties for every word lemma.13 Following this
step, these lemma statistics are collated and added to the
‘WordInfo’ index.
10https://ilexir.co.uk/datasets/index.html
11We split the data randomly into training and test sets,
ensuring an even distribution of class labels.
12Apache Hadoop: https://hadoop.apache.org/
13LexDoop is also used to process (any number of) CC-NEWS
files in parallel, as required.
Figure 1: Overview of R&I architecture. R&I is hosted within, and relies upon, cloud computing services from Amazon Web
Services (AWS). Components that use cloud AWS services are shown with grey backgrounds.
2.5 Sanitisation
To make sure the content provided on the platform is accept-
able for a wide range of readers across various ages and cul-
tures, we apply content “sanitisation” strategy, whereupon
we automatically filter out news articles that contain words
pertaining to the topics that might be considered offensive
in some cultures or inappropriate for younger readers. The
list of around 1600 such taboo words was curated using the
lists of taboo words from social media. Sanitisation is run
within RIIP and the API and, in case the sanitisation sys-
tem makes an error, the UI enables admin users to mark
articles as ‘unsafe’ (or vice versa).
3. READING ON THE PLATFORM
We define the R&I functionality in terms of four major as-
pects, which cover the tutoring system’s ability to provide
learners and teachers with engaging reading content at the
appropriate level of readability (§3.1); help learners develop
their vocabulary in English (§3.2); run comprehension tests
(§3.3); and allow learners to revisit texts they read, words
they clicked on and tests they submitted (§3.4).
3.1 Finding engaging reading material at an
appropriate level
The first step for learners accessing R&I is to define their
language proficiency level. Learners can log in to R&I using
their account credentials from Write & Improve,14 a freely
available system linked to the reading platform, that is able
to assess and provide feedback on a learner’s writing profi-
ciency. Once logged in, R&I defaults reading proficiency to
current writing proficiency, but a learner can change their
CEFR reading level.
Figure 2 contains a screenshot of the search page’s results
showing the latest news articles at the learner’s CEFR level
(currently B1). The search page provides learners with snip-
14https://writeandimprove.com/
R&I employs Write & Improve APIs developed by ELiT:
https://englishlanguageitutoring.com/
Figure 2: Screenshot: search results.
pet(s) of the article text, and they can click on any of the
titles listed on this page in order to load the article view page
where they can read the article itself. In addition, search by
keywords is enabled on R&I to allow learners to find articles
not only at their level of readability, but also on the topics
of their interest.
3.2 Developing one’s vocabulary
Vocabulary is very important in language learning to the
point that language learning itself would sometimes be equated
(a) Part of speech (PoS) statistics (b) Word cloud (c) CALD word sense ‘INTRODUCE’
Figure 3: Screenshots of the sections of the ‘Word Information’ and ‘English Dictionary’ panels on the UI. Here, the user
clicked on the word presents, used as a verb. The pie chart in (a) illustrates the relative frequency of all PoS categories for the
lemma present across all articles. The word clouds in (b) contain the 50 lemmas most frequently co-occurring with present as
a verb in grammatical relations (where font size reflects relative frequency), and (c) shows the dictionary definition.
with knowing language vocabulary [12]. To help learners
with vocabulary acquisition and development, R&I allows
them to select any words they do not recognise or wish to
learn more about within the article view page. When a
learner clicks on an unknown word, R&I ’s UI launches two
side panels for Word Information and English Dictionary
(shown in Figure 3) to display information available for the
word in the ‘WordInfo’ and ‘CALD’ index, respectively, as
described in §2.4.
Several searches can be performed by clicking on links within
the Word Information panel and words within the co-occurrence
word cloud. These links to search results shown in R&I ’s
search page enable learners to perform advanced, linguisti-
cally motivated searches intuitively and learn how vocabu-
lary is used in context.
Figure 4: Screenshot: Comprehension Test panel. Learners
are able to click on the graph to view previous summaries,
which they can refine and re-submit.
3.3 Running comprehension tests
R&I allows users to submit a summary of the article as a
comprehension test in the Comprehension Test panel on the
article view page (Figure 4). R&I automatically scores these
summaries and returns a writing score, determined by a ma-
ture feature-based automated essay scoring (AES) model [1,
3, 20], graded on the CEFR scale via the Write & Improve
API, and a relevance score based on the maximum sentence-
level cosine similarity value, which is then converted to a
score in the range 0–5 using the lexical overlap between the
article and the summary [7] that shows whether the learner
captured the main salient topics in the article.
3.4 Accessing reading history
All history of learner interaction with the R&I platform,
including texts, vocabulary items and submitted summaries
is available to the learners on the personal My Reading pages.
4. CONCLUSIONS AND FUTURE WORK
In this paper, we presented Read & Improve, a freely avail-
able, open-access reading tutoring system that is aimed at
language learners and teachers. Currently, it is a prototype
system, and thence most of its components will benefit from
further research on the platform. For instance, we are plan-
ning to improve our Indexing Pipeline using quality human
annotated training data and user analytics that we are col-
lecting via the R&I platform.
R&I records learners’ actions on the UI, which in turn, will
provide valuable data for use in further research and devel-
opment. For example, [19] employed the comprehension test
data collected by the platform to develop a new automated
comprehension test (summary assessment) marking system
suitable for use in R&I. Further, each learner’s data may be
useful in directly improving their learning experiences. For
example, analysis of an individual learner’s history could be
used to tailor custom content and testing for each learner.
This symbiotic relationship, developed in an ecosystem of
freely available educational system benefiting from cutting-
edge research, will ultimately produce a state-of-the-art ELT
resource.
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